Strong evidence implicates prefrontal cortex (PFC) as a major source of functional impairment in severe mental illness such as schizophrenia. Numerous schizophrenia studies report deficits in PFC structure, activation, and functional connectivity in patients with chronic illness, suggesting that deficient PFC functional connectivity occurs in this disorder. However, the PFC functional connectivity patterns during illness onset and its longitudinal progression remain uncharacterized. Emerging evidence suggests that early-course schizophrenia involves increased PFC glutamate, which might elevate PFC functional connectivity. To test this hypothesis, we examined 129 non-medicated, human subjects diagnosed with early-course schizophrenia and 106 matched healthy human subjects using both whole-brain data-driven and hypothesis-driven PFC analyses of resting-state fMRI. We identified increased PFC connectivity in earlycourse patients, predictive of symptoms and diagnostic classification, but less evidence for "hypoconnectivity." At the whole-brain level, we observed "hyperconnectivity" around areas centered on the default system, with modest overlap with PFC-specific effects. The PFC hyperconnectivity normalized for a subset of the sample followed longitudinally (n ϭ 25), which also predicted immediate symptom improvement. Biologically informed computational modeling implicates altered overall connection strength in schizophrenia. The initial hyperconnectivity, which may decrease longitudinally, could have prognostic and therapeutic implications.
Introduction
Severe mental illness causes lifelong disability (Vos et al., 2012) and profound economic cost. Schizophrenia (SCZ) is one of the most disabling neuropsychiatric conditions in the world (Murray et al., 1996) and emerges in part from prefrontal cortex (PFC) impairments (Goldman-Rakic, 1991; Reichenberg et al., 2009; Barch and Ceaser, 2012) . This is supported by postmortem studies (Gonzalez-Burgos and Lewis, 2012; Lewis et al., 2012) and neuroimaging studies examining structure (Cannon et al., 2002) , task-based activation (Carter et al., 1998; Glahn et al., 2003; Barch and Ceaser, 2012) , and functional connectivity (Cole et al., 2011a; Fornito et al., 2012) . However, the emergence and progression of PFC dysfunction in SCZ remains to be fully characterized.
The prevailing view suggests that SCZ is associated with reductions in connectivity (Cho et al., 2006) and activation (Van Snellenberg et al., 2006) , especially in the PFC (Cole et al., 2011a) .
However, most investigations marshaling this evidence studied patients with long-standing illness Fornito et al., 2012; Repovs and Barch, 2012) . Therefore, studies have not explored PFC dysfunction associated with SCZ onset and its progressive dynamics (Insel, 2010; Uhlhaas, 2013) . Meta-analyses report declining gray and white matter integrity Chan et al., 2011) and altered cortical glutamate levels (Marsman et al., 2013) across illness stages. Emerging findings suggest PFC and hippocampal hyperactivity during initial illness stages, followed by subsequent decline (Marsman et al., 2013; Schobel et al., 2013; Sun et al., 2013) . Therefore, early-course SCZ might be associated with elevated excitation (E) and inhibition (I) balance in cortical circuits, consistent with disinhibition (Uhlhaas, 2013) . It remains unknown whether initial SCZ stages exhibit increases (or reductions) in PFC functional connectivity and whether such patterns show progressive longitudinal change.
Emerging methods allow for examining functional connectivity by studying low-frequency fluctuations in the bloodoxygenation-level-dependent (BOLD) signal at rest (i.e., rs-fcMRI; Biswal et al., 2010) , an approach increasingly applied to neuropsychiatric illness (Fox and Greicius, 2010; Palaniyappan et al., 2013) . To search for PFC hyperconnectivity in early-course SCZ, we used a well established data-driven metric called global brain connectivity (GBC; Cole et al., 2012) , which has been successfully applied across psychiatric conditions Anticevic et al., 2014b) . This is the first study to apply such GBC methods to characterize PFC functional connectivity in recent onset SCZ and its longitudinal course.
We studied 129 medication-free patients and investigated whether early-course SCZ is associated with increased PFC and whole-brain functional connectivity compared with healthy subjects. Second, we investigated whether the identified results predicted symptoms and diagnostic classification. Next, we characterized longitudinal PFC connectivity at 12-month follow-up, quantified the relationships between connectivity patterns over time and symptom improvement, and conducted targeted corticostriatal analyses to examine mechanisms of longitudinal connectivity normalization in response to treatment. Finally, we extended a microcircuit computational model (Wong and Wang, 2006) to implement biologically plausible BOLD signal connectivity and to explore synaptic parameters that could affect global connectivity, as observed clinically. We hypothesized that biologically based computational parameter alterations affecting E/I balance may capture clinical effects.
Materials and Methods

Participants
All participants were recruited via the Mental Health Center and imaged at the Huaxi MR Research Center (HMRRC), Department of Radiology, West China Hospital, Chengdu, China. All participants signed the informed consent approved by the Institutional Review Board (IRB) of West China Hospital. All reported analyses were also approved by the Yale IRB. All patients, of either sex included in the study had to meet diagnostic criteria for SCZ according to DSM-IV criteria, but no other Axis I disorders. All diagnoses were confirmed between the attending psychiatrist and a trained interviewer. Diagnoses for all patients were confirmed at 12-month follow-up. Duration of illness was calculated by deducting each patient's age at first symptom onset from his or her age at the time of the scan. Age of symptom onset was self-reported by participants and confirmed by secondary sources (medical records and reports from relatives). The majority of patients met criteria for early-course schizophrenia (EC-SCZ), defined as falling within 1 year of initial symptom presentation (see Table 1 for details on demographics and mean illness duration). Participants had no current or past alcohol/drug abuse/dependence. The statistical comparisons reflect four different tests that allow interpretation of the demographics for the complete EC-SCZ sample studied at baseline (n ϭ 106) and specifically patients who were followed longitudinally (n ϭ 25 EC-SCZ scanned at baseline and at 12 mo follow-up): (i) comparison of all HCS and EC-SCZ at baseline; (ii) comparison of a subset of matched HCS and those EC-SCZ that received a longitudinal scan (n ϭ 25); (iii) comparison of those EC-SCZ subjects at baseline who did not receive a longitudinal scan (n ϭ 106) versus those who did (n ϭ 25), illustrating comparable profiles (this comparison, however, revealed a difference in gender proportion, but no differences across any other measures, indicating that the subsample followed longitudinally is highly comparable to the complete sample studied at baseline) and (iv) paired t test comparison of EC-SCZ at baseline versus 12 mo follow-up (this analysis revealed a significant improvement across all symptoms for n ϭ 25 patients who received longitudinal follow-up; we specifically quantified this symptom improvement in relation to longitudinally altered PFC rGBC; Fig. 8 ). CPZ, chlorpromazine; GAF, global assessment of functioning; PANSS, Positive and Negative Symptom Scale. *Significant T or 2 statistic for the between-group comparison.
The final sample included 129 patients out of which N ϭ 93 were within 1 year of their illness onset (mean illness duration 2.4 months). All other patients (N ϭ 36) had somewhat longer untreated psychosis (mean illness duration 37 months). Healthy comparison subjects (HCS) were recruited from the local area via poster advertisement and screened using the SCID-Non-Patient Version to confirm the lifetime absence of psychiatric and neurological illness. HCS were also interviewed to confirm that there was no history of psychiatric illness among their first-degree relatives. The final sample included 106 HCS with no current or lifetime Axis I psychiatric disorders (determined by a psychiatrist), no history of any serious medical or neurological conditions, and no history of psychotic, mood, or other Axis I disorders in first-degree relatives. Participants were not excluded based on the history of nicotine or alcohol use (to provide a more representative clinical sample). However, current nicotine, alcohol, or drug abuse/dependence was not allowed. No participants reported past history of alcohol or drug dependence. All HCS subjects were mean-matched to the clinical group by age, sex, ethnicity, handedness (based on the Annett Handedness Scale; Dragovic and Hammond, 2007) , and neuroimaging quality-assurance metrics (see Table 1 and Neuroimaging Processing and Analysis section). Additional exclusion criteria were identical across groups and included history of neurological conditions (e.g., epilepsy, migraine, head trauma with loss of consciousness), MRI contraindications, alcohol/drug abuse, pregnancy, or any concomitant major medical disorder. All clinical symptom ratings were obtained by two experienced clinical psychiatrists before initiating any treatment or neuroimaging examinations. An experienced neuroradiologist inspected all scans; no gross abnormalities were observed in either group. All patients were evaluated using the Global Assessment of Functioning Scale (GAF) based on the DSM-IV. All EC-SCZ individuals were medication free at the time of the baseline scan; therefore, present findings cannot be related to medication status.
Longitudinal patient evaluation
We followed a subset of individuals diagnosed with EC-SCZ longitudinally. In the present investigation, we report available data from 31 patients at 12-month follow-up after the baseline assessment. At follow-up assessment, all clinical and neuroimaging measures were collected as done at baseline. Given that it is ethically prohibited to withhold treatment, some of the EC-SCZ patients were receiving medication at the time of the follow-up visit. If medication was received, we converted individual patient medication levels to chlorpromazine equivalents via standard approaches (Andreasen et al., 2010) . All EC-SCZ patients who were followed longitudinally had to meet identical neuroimaging qualityassurance stringency as applied at baseline (see Neuroimaging Preprocessing and Analysis section). Following quality assurance measures, we identified 25 EC-SCZ patients with neuroimaging data of sufficient quality that satisfied our stringent criteria (for details, see Neuroimaging acquisition, below). These subjects were included in the final longitudinal analyses. HCS did not receive longitudinal follow-up. Instead, where appropriate, we randomly sampled a set of 25 HCS who were demographically matched to the subset of patients who received 12-month longitudinal follow-up. Patients included in the longitudinal analysis were those from the baseline cohort who had completed the longitudinal assessment for this ongoing study at the time. Therefore, the results of the longitudinal analysis reported here represent the findings of an interim analysis, which will be repeated later when the study is completed.
Neuroimaging acquisition
All imaging data were acquired on a state-of-the-art 3T magnetic resonance (MR) scanner at the HMRRC Department of Radiology, West China Hospital (EXCITE; General Electric). We used an eight-channel phase array head coil with foam padding to minimize head motion. All participants were instructed to rest during scanning, but were monitored to ensure that they stayed awake. Specifically, all subjects were routinely monitored through a video camera in the scanner console room and observed from the console room by trained staff. After each brief scan, subjects were contacted by the study staff via a headphone set and explicitly asked about their functional status, any reported discomfort, level of wakefulness, etc. Critically, no participants reported falling asleep during the scan when routinely asked immediately after scanning. Highresolution images were acquired using a T1-weighted, 3D fast spoiled gradient-echo sequence with the following parameters: TR/TE ϭ 8.5/3.4 ms, flip angle ϭ 12°, voxel size ϭ 0.47 ϫ 0.47 ϫ 1 mm 3 , field of view ϭ 240 ϫ 240 mm, with 156 contiguous coronal slices. BOLD images were acquired using a T2*-weighted gradient-echo planar imaging sequence with the following parameters: TR/TE ϭ 2000/30 ms, flip angle ϭ 90°, voxel size ϭ 3.75 ϫ 3.75 ϫ 5 mm [no slice gap], field of view ϭ 240 ϫ 240 mm, with 30 axial slices parallel to the AC-PC line. BOLD acquisition lasted 6.66 min and produced 200 volumetric images per subject.
Neuroimaging preprocessing and analysis
All preprocessing, quality assurance, and connectivity analyses followed our prior validated and published approaches that were applied to clinical populations (Cole et al., 2011a; . We first performed the following preprocessing steps for all BOLD images, as done in our prior studies (Cole et al., 2011a; : (1) slice-time correction, (2) first five images removed from each run, (3) rigid body motion correction, (4) 12-parameter affine transform of the structural image to the Talairach coordinate system, and (5) coregistration of volumes to the structural image with 3 ϫ 3 ϫ 3 mm resampling.
In addition, all BOLD images had to pass stringent quality assurance criteria to ensure that all data were of high and comparable quality across groups: (1) signal-to-noise ratios (SNRs) Ͼ100, computed by obtaining the mean signal and SD for a given slice across the BOLD run while excluding all nonbrain voxels across all frames ; (2) no BOLD run with a single frame movement Ͼ1 functional voxel; and (3) movement scrubbing as recommended by Power et al. (2012 Power et al. ( , 2013 . As described previously (Anticevic et al., 2012b ), all image frames with possible movement-induced artifactual fluctuations in intensity were identified via two criteria: first, frames in which the sum of the displacement across all 6 rigid body movement correction parameters exceeded 0.5 mm (assuming 50 mm cortical sphere radius) were identified. Second, root mean square (RMS) of differences in intensity between the current and preceding frame was computed across all voxels and divided by mean intensity. Frames in which normalized RMS exceeded 1.6 times the median across scans were identified. The frames flagged by either criterion, as well as the one frame preceding and two frames following each flagged frame, were marked for exclusion (logical or). Subjects with Ͼ50% frames flagged were completely excluded from all analyses. All of the included subjects in the final samples passed these criteria (N ϭ 129 EC-SCZ; N ϭ 106 HCS reported in Table 1 ). Based on these two criteria we excluded 8 patients and 10 healthy comparison subjects from the final analysis.
The final included images had high SNR values with no betweengroup differences (HCS-mean ϭ 181.91 and EC-SCZ-mean ϭ 181.97, p ϭ 0.99, NS). Moreover, all participants fulfilled the described movement-scrubbing criteria, and there were no significant betweengroup differences in the mean proportions of removed frames across groups (HCS-proportion-flagged ϭ 5.74 and EC-SCZ-proportionflagged ϭ 5.88, p ϭ 0.90, NS).
Lastly, to remove potential sources of spurious signal in resting-state data, we completed additional preprocessing steps, as is standard practice (Biswal et al., 2010) : all BOLD time series underwent high-pass (0.009 Hz) and low-pass (0.08 Hz) temporal filtering, nuisance signal removal from ventricles and deep white matter, global signal regression (GSR, see below), six rigid-body motion correction parameters, and their first derivatives using in-house MATLAB tools .
GSR
GSR was performed using standard procedures (Fox et al., 2005) by calculating mean raw BOLD signal averaged over all voxels for each time point, explicitly excluding ventricles and white matter (which are defined as separate nuisance regressors). The GS and its first derivative (with respect to time) were used as nuisance predictor terms within a multiple linear regression model along with other nuisance predictor terms (ventricular signal, white matter signal, movement parameters, and the first derivatives of each of these, as noted above). Because of emerging findings suggesting that chronic SCZ patients exhibit elevated GS variability (Yang et al., 2014) , we separately examined results without GSR imple-mented; all effects remained unchanged (see Fig. 3 ). This demonstration is particularly important given recent reports suggesting that, in chronic SCZ patients, the GS may be abnormally elevated (Gotts et al., 2013; Yang et al., 2014) , which could in turn transform GBC analyses. Based on that effect, we recommended that clinical analyses should be repeated without GSR to ensure robustness of main effects, as demonstrated here (cf Figs. 1, 3, 13) .
GBC analyses
The GBC approach Cole et al., 2011a) was applied using in-house MATLAB tools, here either restricted to the PFC (see Fig. 1 ) or extended across all gray matter voxels in the brain (see Fig. 4 ). Although GBC is designed to estimate the connectivity between each individual voxel and every other voxel in the brain, restricted GBC is optimized to estimate connectivity at every voxel with every other voxel in a specific restricted space (referred to as restricted GBC or rGBC). Although we conducted a whole-brain GBC search (see Fig. 4 ), the main focus here was on the PFC rGBC metric for the following a priori reasons. First, both theoretical models and empirical studies of schizophrenia progression have emphasized disturbances in PFC network integrity (GoldmanRakic, 1991) . Given these models, we opted for a PFC-centric analysis as an initial starting GBC point to remain maximally sensitive to possible alterations in PFC networks. Second, the use of a restricted PFC search space provided more statistical power to observe baseline clinical effects as well as less powered longitudinal effects (N ϭ 25) given the more stringent multiple comparisons needed for a whole-brain data-driven analysis. Nevertheless, we acknowledge that a whole-brain search was vital to place PFC effects in a broader context. To this end, we also provide whole-brain GBC effects, which we treat as more provisional/ exploratory. Finally, we opted for a similar PFC rGBC analytic strategy in several prior clinical investigations focusing on chronic patients with schizophrenia (Cole et al., 2011a; Anticevic et al., 2014c) and psychotic bipolar patients . Therefore, this study represents a programmatic extension of such efforts to map PFC dysconnectivity in schizophrenia and psychotic bipolar illness, focusing here on early illness course and its longitudinal progression. Therefore, we chose the same methodological approach to remain consistent with reported discoveries and to provide a direct extension of this existing body of work. Collectively, PFC rGBC provides a sensitive measure by computing correlational strength of each voxel with all other voxels being considered within the defined search space (e.g., PFC).
As described previously in several clinical studies (Cole et al., 2011a; Anticevic et al., 2014b) , we conducted rGBC analysis restricted to voxels within subject-specific, anatomically defined prefrontal gray matter masks defined via Freesurfer software (Fischl et al., 2002) . We included the following labels extracted from the aparcϩaseg All Freesurfer segmentations were visually inspected for quality by a trained rater (A.A.) . Before GBC analysis, BOLD signal within the subject-specific cortical or PFC mask was spatially smoothed with a 6 mm full-width-at-half-maximum Gaussian kernel and dilated by 2 voxels (6 mm) to account for individual differences in anatomy. Finally, for each PFC or whole-brain voxel, we computed a correlation with every other PFC or whole-brain voxel, transformed the correlations to Fisher z-values, and finally computed their mean. This calculation yielded an rGBC map for each subject in which each voxel value represents the mean connectivity of that voxel with the rest of PFC (or for GBC all other gray matter voxels in the brain). We also verified that differences in variance of BOLD signals did not drive our GBC results, as predicted by our prior computational modeling work (Yang et al., 2014) . To this end, we computed GBC using a non-normalized covariance measure (see Fig. 13 ), which did not alter effects. To compute specificity of PFC rGBC effects, we also extended the GBC analyses across all gray matter voxels (i.e., whole-brain GBC), which we detail below. Appropriate type I error correction for each comparison was computed via FSL's Randomize tool (see Second-Level Group Comparisons section).
Hypothesis-driven striatal connectivity analyses to characterize longitudinal normalization in PFC connectivity
We identified dissociable longitudinal alterations in PFC rGBC for the medial PFC (MPFC) and lateral PFC (LPFC) regions (see Figs. 8, 9) . Importantly, antipsychotic medication exerts its primary effects on the dorsal striatum, predominantly via D2 receptor blockage (Howes and Kapur, 2009) . Therefore, we hypothesized that these "normalized" patterns of PFC connectivity may reflect dissociable connectivity with the dorsal striatum. We tested this in the following way. First, we identified each subject's anatomically defined dorsal striatum (caudate nucleus) via automated FreeSurfer segmentation. Next, we computed a group average across all subjects (including both HCS and SCZ) where there was at least 90% overlap in dorsal striatum anatomy. This generated an a priori, anatomically defined, and unbiased ROI based on the current sample. In turn, we extracted the signal out of bilaterally defined individual subject caudate nuclei for two different functional connectivity maps: caudate to MPFC connectivity and caudate to LPFC connectivity. This yielded a subject-specific connectivity between either caudate-MPFC or caudate-LPFC. We did so for patients at their baseline scans and patients at 12-month follow-up. Here, we tested the specific hypothesis that caudate-MPFC connectivity may be elevated at baseline and show a progressive reduction, whereas caudate-LPFC connectivity may be reduced at baseline and show a progressive increase after 12 months (see Fig. 10 ), perhaps reflecting a treatment-induced normalization. To quantify this predicted dissociation, we computed a second-level ANOVA with 2 repeated measures: Seed (LPFC vs MPFC) ϫ Follow-up (Baseline vs 12-months) interaction (see Fig. 10 ).
Seed-based analyses to characterize longitudinal normalization in connectivity
To better understand whole-brain effects, we also examined two specific seeds, which showed longitudinal alterations in functional connectivity at 12-month follow-up relative to baseline (see Fig. 11 ). The key purpose of this secondary analysis was to qualitatively highlight, at the wholebrain level, the possible dissociations in connectivity normalization across the LPFC and MPFC regions at 12-month follow-up. Here, it is important to show that the lateral and medial areas show unique disruptions of their respective whole-brain connectivity, which are distinct from within-PFC connectivity normalization. In other words, the focused striatal analyses above cannot determine whether these two regions exhibit normalized connectivity longitudinally that reflects a dissociable pattern with other brain regions.
To examine this issue, subject-specific whole-brain seed maps were computed by extracting the average time series across all voxels for a given seed (LPFC or MPFC) and computing its correlation with all other voxels in the brain. Next, we computed a Fisher r-to-Z transform, yielding a whole-brain connectivity map for each participant where each seed region's value represents its connectivity with all other voxels in the brain. To examine between-group differences, all individual-subject maps were entered into a second-level paired t test (i.e., SCZ at baseline vs SCZ at 12-month follow-up; see Fig. 11 ).
Second-level group comparisons
All second-level group analyses were computed on GBC correlation maps that were converted to Fisher z-maps or using covariance maps (to test for connectivity differences using a non-normalized statistical dependency measure; see Fig. 13 ). Collectively, we conducted several separate group-level analyses. We computed PFC rGBC differences between the EC-SCZ and HCS groups at baseline assessment (see Fig. 1 ) via an independent-samples t test. We computed PFC rGBC differences between 25 EC-SCZ patients at baseline and at 12-month follow-up via a paired-samples t test (see Figs. 8d-f, 10). Each of the PFC analyses was appropriately corrected for type I error within the PFC probabilistic mask defined anatomically via FreeSurfer (showing at least 20% overlap across all subjects). We extended the GBC analyses to the whole-brain level (i.e., all gray matter voxels) to test the specificity of PFC effects (see Fig. 4 ), again appropriately correcting for multiple comparisons. Type I error correction for a given analysis was ascertained via FSL's nonparametric Randomize tool with 10 000 permutations (Nichols and Holmes, 2002) . Across analyses, we first performed a voxelwise two-sample t test and in turn applied a correction for multiple comparisons across the whole PFC (or whole-brain). We report clusters that survived this comparison (Tables 2, 3, 4). Results were then visualized using Caret 5.5 software (http://brainvis.wustl.edu/wiki/index.php/Caret:Download) and NeuroLens software (http://www.neurolens.org).
Group classification using multivariate pattern analysis
For group classification using multivariate pattern analysis (MVPA), as in our prior work (Anticevic et al., 2014a), we used linear support vector machines with LIBSVM in MATLAB (Chang and Lin, 2011;  software is available at http://www.csie.ntu.edu.tw/~cjlin/libsvm/) to test the consistency of PFC rGBC dysconnectivity on an individual subject basis. The key utility of this additional classification analysis was to provide provisional evidence that observed disrupted PFC connectivity may aid diagnostic decisions and may be sensitive to predicting group membership. Each subject's preprocessed PFC rGBC map was used with standard leave-one-subject-out cross-validation to train and test linear support vector machines (C ϭ 1). A subject from each group was held out in turn as their group membership ( patient or control) was predicted based on a support vector machine trained to distinguish between groups based on the other subjects' data. Feature selection was used within each crossvalidation fold (a t test run for each voxel/feature in the training data, thresholded at p Ͻ 0.1) to reduce the number of irrelevant voxels included in training and testing. A lack of balance could be problematic for these analyses because it could bias a classifier to predict that any input data more likely belonged to one group over another. This dataset was not balanced (N ϭ 129/106). Therefore, a randomly sampled subset of 106 patients relative to 106 controls was selected for inclusion. Statistical significance for classifications was obtained using binomial testing.
Computing specificity of PFC rGBC effects as a function of location, connection strength, and connection distance
Location specificity analyses: PFC versus whole-brain. We quantified whether the core PFC rGBC effect was also present when extending the s r-to-Z connectivity value for each subject across the entire identified cluster. As with PFC rGBC results, this was done in order to characterize the magnitude of between-group effects across voxels surviving the type I error correction and provide a guide regarding sample sizes needed for future replications (Button et al., 2013) . Negative values denote effects for which patients exhibited lower connectivity than controls.
analyses to the whole-brain level, an approach used in our prior work to determine specificity of PFC effects (Anticevic et al., 2014b) . For this purpose, we computed a whole-brain GBC analysis using identical procedures as described above. This analysis was not restricted to PFC, but rather extended to all gray matter voxels within subject-specific anatomically defined gray matter masks defined via Freesurfer software (Fischl et al., 2002) . As with the PFC analyses, for each gray matter voxel, we computed a correlation with every other gray matter voxel, transformed the correlations to Fisher z-values, and finally computed their mean. This calculation yielded a whole-brain GBC map for each subject in which each voxel value represents the mean connectivity of that voxel with the rest of the brain. We used these maps for second-level comparisons between EC-SCZ and HCS (see Fig. 4 ), as described above. As with the PFC analyses, we computed appropriate type I error correction via FSL's nonparametric Randomize tool with 10 000 permutations (Nichols and Holmes, 2002) . The resulting maps were juxtaposed next to the PFC-specific effects (see Fig. 4a-d) . We also computed a formal conjunction to examine the degree of overlap between the two analyses (see Fig. 4e ,f) and present whole-brain effects at a relaxed threshold for qualitative inspection.
Connection strength analyses. It may be possible that PFC rGBC hyperconnectivity is driven by a specific subset of connection strengths. That is, either weak or strong PFC connections could be exclusively driving the core clinical effect, which would have implications for interpreting the hyperconnectivity observation as possibly restricted to a given type of connection. In contrast, the observed hyperconnectivity in EC-SCZ could be a general property of PFC networks present across most connection strengths. To test this hypothesis, before computing the mean Fisher z-value across all connections, we first sorted individual connections by strength, divided them into deciles (ranges that spanned 10% of all connections), and then computed PFC rGBC for each connection strength band separately. We extracted the resulting values for all regions that showed hyperconnectivity in EC-SCZ (see Fig. 1 ) and separately tested each of the strength bands for presence of hyperconnectivity in EC-SCZ versus HCS. To better visualize the differences, we expressed the PFC rGBC values as a difference from the mean of the control group at each specific decile range (see Fig. 5 ).
Connection distance analyses. PFC hyperconnectivity in EC-SCZ might arise due to abnormalities in the normal progression of developmental changes of decreased local and increased distal connectivity (Fair et al., 2008) . Therefore, it is possible that the PFC rGBC hyperconnectivity is driven by connections of a specific distance (e.g., lack of reduction in local connectivity). To explore that possibility before computing the PFC rGBC for each of the regions that showed hyperconnectivity in EC-SCZ (see Fig. 1 ), we sorted the connections to all other PFC voxels by distance into 10 bands of equal size and computed PFC rGBC for each distance band separately. Next, we combined the resulting values across all the regions and tested for presence of hyperconnectivity in EC-SCZ versus HCS for each distance band separately. Again, we visualized the differences by expressing the resulting PFC rGBC values as differences from the mean of the control group at each specific distance range (see Fig. 6 ).
Computational modeling framework. We implemented a validated computational model of resting-state functional connectivity (Deco et al., 2013) , which extends a local circuit model Wong and Wang, 2006) to implement biologically plausible mechanisms for BOLD signal fluctuations (Yang et al., 2014) . The network is composed of 66 nodes and is a dynamic mean-field model (Wong and Wang, 2006) coupled through a large-scale anatomical connectivity matrix derived from diffusion tractography in humans as reported in Hagmann et al. (2008) . We extracted the anatomical connectivity matrix from Deco and Jirsa (2012), as described in our prior work (Yang et al., 2014) .
It is worth noting that the strengths of global connections in the model allow for an undetermined scale factor, which accounts for differences in the range of local self-coupling (w) within nodes and global coupling ( G) between our simulations and those reported by Deco et al. (2013) . BOLD signals were simulated via the Balloon-Windkessel model, as done previously (Yang et al., 2014) . We parametrically varied strengths of G and w values between nodes. Default values were set to w ϭ 0.531, G ϭ 1.25, and noise () ϭ 0.0004. None of the reported effects depended qualitatively on the specific default values, as shown in Figure 12c . All other parameter values were set to those of Deco et al. (2013) . Deco et al. (2013) did not incorporate a common shared signal component-that is, the global signal. When using their original approach for other clinical purposes (Yang et al., 2014) , we found the results to be somewhat unrealistic given the known large contribution of the global signal in empirical data. Therefore, we implemented an important adjustment to the model based on our recent work examining biophysical properties of the global brain signal (Yang et al., 2014) . That is, to more realistically capture the percentage of BOLD signal variance represented by the global signal, we introduced a common input to all nodes, mimicking low baseline level correlations seen empirically in gray matter. Specifically, a shared noise term of amplitude 0.0005 was added to the signal of all nodes. This way, we were able to simulate a neuronal GS that accounted for 77% of the total simulated BOLD signal variance at the default values given above. Based on our prior simulations (Yang et al., 2014) , we opted to use this value to account for the fact that empirical GS likely contained a physiological non-neuronal component, which is supported by primate studies (Schölvinck et al., 2010) . Detailed modelderived GS simulations are reported in our prior work (Yang et al., 2014) .
Computational modeling: in silico GBC computation. To better adapt the model for GBC computations, it was necessary to introduce a common signal to all nodes, mimicking low baseline level correlations seen empirically in gray matter. Next, to compute GBC of each node, we first generated a correlation matrix of each node's signal with signals from all other (65) nodes, as done empirically with voxelwise GBC. Values in the correlation matrix were converted to z-score equivalents using a Fischer r-to-Z transform, as with empirical connectivity data. Next, GBC for a given node in the model was computed as the mean value of each of the 65 columns (corresponding to the 65 remaining nodes) in this transformed matrix. To compute the average GBC of the network, we took the mean GBC value across the 66 nodes. This effectively yielded a GBC index of the model across parameters, which could be qualitatively examined in relation to empirical clinical results as a function of specific parameter perturbation (see Fig. 12 ).
Results
Prefrontal connectivity is increased in EC-SCZ
We hypothesized that EC-SCZ may be associated with elevated PFC connectivity relative to HCS, possibly reflecting cortical disinhibition (Rolls and Deco, 2010). We tested this hypothesis using a validated connectivity method restricted to PFC voxels (i.e., restricted GBC or rGBC; Cole et al., 2011a) . We directly compared EC-SCZ (n ϭ 129) patients relative to matched HCS (n ϭ 106; see Table 1 for demographics). Consistent with predictions, we found evidence for increased PFC rGBC in the EC-SCZ group relative to HCS (quantified via an independent-sample t test; Fig. 1a) . The hyperconnectivity was localized predominantly around medial PFC regions (see Table 2 for list of foci and effect sizes). The overall magnitude of the identified hyperconnectivity was robust, as indicated via formal effect size calculation across all areas (Cohen's d ϭ 0.84, p Ͻ 0.001; Cohen, 1992; Fig. 1b ; region-specific effects are presented in Table 2 ).
Decreases in prefrontal connectivity in EC-SCZ appear to be modest Despite significantly increased PFC connectivity in EC-SCZ, there could be a "mixed" motif of increased and decreased rGBC such that reductions are more modest in magnitude (or extent) at illness onset. To test whether other areas exhibited decreased connectivity (which might not have survived the stringent type I error protection in the initial analysis), we first examined group differences using a liberal statistical threshold (Fig. 2a, results shown at Z Ͼ 1.6, p Ͻ 0.05, uncorrected). Even these statistically relaxed results were not consistent with robust connectivity decrease in EC-SCZ, somewhat in contrast to prior findings in chronic samples (Cole et al., 2011a) . Next, we conducted a qualitative analysis without any statistical threshold applied, which provided modest evidence of reduced rGBC around lateral PFC foci-typically associated with chronic SCZ (Cole et al., 2011a) . Post hoc analysis revealed a modest effect size of group differences across all areas, showing reduced PFC rGBC in the patient group ( Fig. 2b ; Cohen's d ϭ Ϫ0.29 vs 0.84). Next, we quantified the percentage of PFC voxels associated with increased versus decreased rGBC in EC-SCZ: 80% of PFC voxels showed increased PFC rGBC in EC-SCZ, whereas 20% showed a decrease relative to HCS ( p Ͻ 0.0001; binomial test for proportions). Collectively, these effects are inconsistent with an evenly mixed profile of hypoconnectivity/hyperconnectivity and instead support a predominant pattern of increased PFC coupling during early illness course, with modest evidence for hypoconnectivity.
Effects of GSR on identified patterns
There are growing concerns that GSR, a common dataprocessing step in rs-fcMRI research, could introduce confounds into between-group connectivity comparisons Yang et al., 2014 ; see Materials and Methods), especially if one of the clinical groups exhibits greater GS variability (Yang et al., 2014) . Briefly, GSR involves removal of a large signal from each voxel in the time series to increase the statistical and anatomical sensitivity of rs-fMRI. To rule out the possible impact of this step on reported clinical effects, we repeated all analyses without GSR (Fig. 3a-c) , which did not alter any of the reported patterns. Without implementing GSR, there was still robust evidence for hyperconnectivity in EC-SCZ compared with HCS (Cohen's d ϭ 0.76, p Ͻ 0.002). Again, without GSR, few areas exhibited reduced PFC rGBC ( Fig. 3d-g ). Consistent with results after GSR, these findings further highlight that EC-SCZ is predominantly associated with increases in PFC connectivity.
Examining specificity of prefrontal effects as a function of location, strength, and distance Next, we tested the specificity of the identified pattern using three separate analyses. First, we extended our analyses across the entire brain to test whether hyperconnectivity was a dominant profile across the brain (or appeared in other networks) or a feature Table 2 . Error bars mark Ϯ 1 SEM. All p-values are 2-tailed. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05. predominately occurring within PFC networks. We found evidence for a mixed pattern of both hyperconnectivity and hypoconnectivity across other brain regions in EC-SCZ when the GBC analyses were extended to all gray matter voxels (Fig. 4) . Furthermore, regions showing hyperconnectivity in the whole-brain GBC analyses did not overlap with those found for the PFC rGBC approach, even when examined at a lower threshold ( Fig. 4c ; see Table 3 for list of foci showing whole-brain GBC effects). These findings suggest that there may be some PFC-network-specific involvement in initial illness onset. That is, PFC hyperconnectivity may be distinct from connectivity alterations across other whole-brain networks (because hyperconnectivity was not exclusively observed across the whole brain; Fig. 4) . Interestingly, the whole-brain elevations in connectivity were colocalized with areas corresponding to the default-mode network (DMN Fig. 4c,d ). Second, we found that PFC hyperconnectivity was present across a wide range of connection strengths (Fig. 5) , confirming the breadth of PFC hyperconnectivity. That is, PFC rGBC occurred across both weak and strong PFC connections. Third, we investigated whether local and longrange PFC connectivity was differentially affected in EC-SCZ.
Here we tested whether "local" circuits surrounding the "peak" effects are the areas that are most profoundly hyperconnected to each other. We found that elevated PFC rGBC was present across most distance ranges (both near and far) and was not related to the distance between voxels (Fig. 6) . Collectively, these secondary specificity analyses indicate that most of the identified PFC hyperconnectivity was not apparent when analyses were extended across the whole brain. Further, the hyperconnectivity was a motif present across PFC connection strengths and distances, suggesting a rather general functional disturbance in identified PFC areas during early SCZ stages.
Relationship with symptoms and diagnostic classification at baseline
To establish the clinical relevance of PFC hyperconnectivity in EC-SCZ, we quantified its relationship to symptom severity (PANSS total score; see Materials and Methods). We averaged all symptoms (PANSS total score) to circumvent the type I error correction that arises from correlating multiple symptom measures (Anticevic et al., 2014a), given that there was no specific a priori prediction for any one particular symptom cluster. We found that patients with higher PFC rGBC exhibited more severe overall psychopathology (r ϭ 0.23, p Ͻ 0.01; Fig. 7b ). In contrast, signals in regions showing reduced PFC connectivity at baseline were not significantly correlated with symptoms (r ϭ Ϫ0.06, NS). We conducted two exploratory follow-up analyses specifically focused on positive and negative SCZ symptoms. We found that patients with higher PFC rGBC exhibited more severe positive symptoms (r ϭ 0.17, p Ͻ 0.05); however, the effect was not significant for negative symptoms (r ϭ 0.08, NS) despite adequate statistical power provided by the large clinical sample size (i.e., 83% achieved power with N ϭ 129 for 2-tailed effects of r Ͼ 0.25; Cohen, 1992). Next, we tested whether PFC hyperconnectivity enabled diagnostic classification to determine whether the identified pattern Figure 3. Effects without GSR remain unchanged. a-c, Effects as in Figures 1 and 2 , only without GSR applied, illustrating a consistent pattern of core clinical effects. Clusters mark regions surviving an independent samples t test comparing patients with schizophrenia early in their illness course (EC-SCZ, N ϭ 129) to HCS. d-g, Effects at lower thresholds also remained qualitatively unchanged without GSR (as in Fig. 2 ). Error bars mark Ϯ 1 SEM. This demonstration is particularly important given recent reports that the global signal may show elevated variability in chronic SCZ patients, which could possibly affect between-group analyses in complex ways (Yang et al., 2014) . All p-values are 2-tailed. ****p Ͻ 0.0001; ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05.
can be potentially useful (in conjunction with other information) for diagnosis. To this end, we conducted a multivariate pattern analysis following validated techniques using PFC rGBC values for each subject (Norman et al., 2006; Cole et al., 2011b; Anticevic et al., 2014a) . Using PFC rGBC connectivity maps with linear support vector machines and leave-one-subject-out crossvalidation, we found that subjects could be classified with 63% accuracy ( p Ͻ 0.0001; 67% for EC-SCZ, p Ͻ 0.0001; 59% for HCS, p Ͻ 0.01; Fig. 7c ). The 95% confidence intervals for Sensitivity and Specificity were 57-76 and 48 -68, respectively. Therefore, although the PFC rGBC result is not sufficient to establish clinical diagnosis, it does provide meaningful predictive value at the individual subject level, which could be combined with other emerging neuroimaging markers (Woodward et al., 2012) . As with symptoms, we did not find any predictive value when examining regions showing PFC hypoconnectivity.
Prefrontal hyperconnectivity changes longitudinally and tracks symptoms
A key question in the present study relates to whether the elevated PFC rGBC in EC-SCZ exhibits longitudinal alterations. We repeated scanning in 25 EC-SCZ patients at a 12-month follow-up assessment. We rigorously verified all of the demographic characteristics for this patient subsample in relation to matched controls, the full sample of controls, and the full sample of patients studied at baseline (Table 1) . Collectively, there were no demographic differences for this subsample and it is unlikely they could have affected the results. Next, we examined four focused longitudinal questions: (1) do the effects in the regions discovered at baseline (Fig. 1a) also show longitudinal alterations?; (2) is there evidence for longitudinal alterations in other areas when the baseline scans of the 25 patients are compared directly with their follow-up scans?; (3) is there longitudinal change in areas that show PFC hyperconnectivity or hypoconnectivity at baseline ( Fig. 2b) ?; and (4) if identified, do the longitudinal alterations in PFC rGBC track clinical symptom improvement identified at 12-month follow-up? (see Table 1 for symptom information). Across all analyses, we directly compared the 25 EC-SCZ at baseline relative to their 12-month follow-up scans. First, we computed a pairwise t test focused explicitly on the signal across regions identified at baseline defined independently from any longitudinal effects (Fig. 8a) . That is, we examined longitudinal effects in clusters that showed between-group differences in the two-sample t test maps conducted on the baseline data. Results revealed a significant reduction in PFC rGBC at the 12-month longitudinal follow-up (t (23) ϭ 2.7, p Ͻ 0.015, Cohen's d ϭ Ϫ0.78, paired t test). Importantly, the subgroup of EC-SCZ patients who were followed longitudinally also exhibited PFC hyperconnectivity at baseline relative to matched HCS (t (139) ϭ 4.96, p Ͻ 0.001, Cohen's d ϭ 0.96; Fig. 8b,c) . Next, to determine whether any other areas (outside of those discovered at baseline) change longitudinally, we conducted a PFC voxelwise search on those patients who were followed longitudinally. That is, we independently searched for any other regions that showed changes in 25 SCZ patients between their baseline and 12-month follow-up scans across all PFC voxels (i.e., not just the clusters discovered at baseline). Again, we identified increased PFC rGBC in the EC-SCZ group at baseline relative to the 12-month longitudinal follow-up scan (Fig. 8d-f , tested via a voxelwise pairedsample t test, t (23) ϭ Ϫ4.45, p Ͻ 0.001, Cohen's d ϭ Ϫ1.28). Interestingly, we also identified an LPFC area for which patients exhibited reduced PFC rGBC at baseline, but normalization at the 12-month follow-up (Figs. 8d, 9, 10 ). These results further . Comparing PFC and whole-brain (WB) GBC results. The principal findings revealed robustly increased PFC rGBC in EC-SCZ, but little evidence for PFC hypoconnectivity. It remains unknown whether areas identified within the PFC are indeed specific to the restricted analysis or instead represent a more general feature when the analyses are extended to all voxels (i.e., whole-brain GBC). To test this question, we directly juxtaposed threshold-free cluster enhancement (TFCE; Smith and Nichols, 2009) corrected volume and surface maps of group differences between EC-SCZ patients and matched HCS. a, b, Results are shown for the PFC analysis (as in Fig. 1 ). Here, red foci mark regions where SCZ showed statistically higher PFC rGBC than HCS. c, d, Results are shown for the WB GBC analysis. Red foci mark regions where patients showed statistically higher WB GBC than HCS, whereas blue foci show regions where patients show statistically lower WB GBC than HCS. Results indicated both increased and decreased WB GBC when extending analyses across all voxels; however, the clusters evident for the PFC analyses were not present to the same extent for the WB analyses. e-f, To highlight the relatively small degree of overlap between the analyses, we computed a conjunction between the WB (orange areas) and the PFC effects (yellow areas); overlap is shown in red. g, h, Results are shown for the WB GBC analysis at a lower statistical threshold. Red foci mark regions where patients showed statistically higher WB GBC than HCS, whereas blue foci show regions where patients show statistically lower WB GBC than HCS. The clusters evident for the PFC analyses were not present to the same extent even for these lower threshold analyses. Top panels show the results in a volume representation, whereas bottom panels show the same data mapped onto a surface representation.
indicate a robust longitudinal normalization in PFC rGBC 12 months after treatment was started.
We also investigated whether the normalization was present predominantly in regions that were hyperconnected at baseline or if the normalization also extended across areas that showed connectivity reductions at baseline. We tested this question across all regions that showed reduced (vs increased) effects at baseline relative to HCS (Fig. 8g) , providing a set of independent regions in which to test longitudinal effects. Consistent with prior analyses, there was again a normalization of both the hyperconnected (Fig.  8h) and hypoconnected areas at the 12-month longitudinal follow-up (Fig. 8i) , supporting a bidirectional connectivity change (see next section for a follow-up characterization of this effect).
Lastly, we quantified possible clinical correlates of observed longitudinal neuroimaging effects. Notably, the EC-SCZ (N ϭ 25) sample that was followed longitudinally exhibited clinical improvement across symptom dimensions (Table 1) , likely reflecting treatment effects (see Discussion). Given that PFC hyperconnectivity predicted symptoms at baseline (Fig. 7b) , it is possible that this reduction in symptoms is directly related to the magnitude of PFC hyperconnectivity normalization. Therefore, we tested whether the identified normalization of PFC connectivity tracks clinical symptom improvement at 12-month follow-up. Here, we focused explicitly on PFC areas identified at baseline (Fig. 8a) because these regions were defined relative to HCS and are therefore statistically orthogonal to possible longitudinal clinical symptom improvement, providing an unbiased test. That is, if we focused on the regions identified longitudinally (Fig. 8b) , the analyses would be partially statistically circular by searching for a symptom-related connectivity change across regions that are already guaranteed to show such a longitudinal change. We calculated the magnitude of the drop in connectivity for each subject (i.e., normalization in hyperconnectivity) and the magnitude of the drop in symptoms (i.e., normalization in symptoms). As hypothesized, results revealed a significant relationship between longitudinal rGBC normalization across regions identified at baseline and longitudinal improvement in symptoms (Fig. 8j-m) . Critically, these effects were evident only for positive symptoms (r ϭ 0.48, p Ͻ 0.01), most notably formal thought disturbance (r ϭ 0.46, p Ͻ 0.01). However, there was no such relationship for negative SCZ symptoms (r ϭ Ϫ0.09, NS). Figure 5. Examining strength of connection contribution to the PFC rGBC effect. a, We examined whether the PFC rGBC effect in EC-SCZ is driven by a particular connection strength range or if it is generally prevalent across connection strengths. We did so by extracting the signal out of regions showing hyperconnectivity in EC-SCZ versus HCS (as in Fig. 1a) . b, Averaging across all of the regions identified in the original analysis, we quantified the contribution to the effect across strength connection bins, separated into deciles (i.e., 10% increments). As with the original effect, this analysis was restricted to PFC voxels only. EC-SCZ was associated with higher PFC rGBC for both negative (top) and positive (bottom) connection ranges, although the top two bins failed to reach significance. c, We expressed values at each connection strength bin as differences from the mean of the control group at that particular bin. This analysis further indicates that the hyperconnectivity in SCZ is evident across most connection strengths, but somewhat progressively reduced at the top connection strengths (and was not significant for the top 20% of connection strengths, which are presented in a, perhaps reflecting a ceiling effect). We quantified this effect using an ANOVA with one between-group factor (Group, EC-SCZ vs HCS) and one within-group factor (Strength Range). ANOVA results revealed a significant main effect of group, confirming the general PFC hyperconnectivity in EC-SCZ (F (1,233) ϭ 38.65, p ϭ 2.31 ϫ 10 Ϫ9 ). Overall, these analyses highlight a relatively uniform increase across most of the connection strength ranges, except for the top connections, perhaps reflecting a ceiling effect. Error bars mark Ϯ 1 SEM. All p-values are 2-tailed. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05.
Examining PFC rGBC Increases in Early Course
Baseline hyperconnectivity predicts longitudinal improvement in connectivity and symptoms
The above analyses indicate that longitudinal normalization in connectivity is significantly related to symptom improvement. However, another compelling hypothesis is that patients with the most substantial PFC hyperconnectivity at baseline may show the largest longitudinal change in either connectivity or symptoms. This question is distinct from the analyses above because it tests whether those patients that had the most severe connectivity alteration during their first episode before treatment were those that also showed the biggest normalization in connectivity and symptoms after treatment. We tested both questions via magnitudes extracted from regions discovered at baseline to circumvent circularity (because those effects were discovered relative to matched controls at baseline and not guaranteed to change longitudinally; Fig. 9a) . First, the severity of PFC rGBC hyperconnectivity at baseline was highly significantly related to the magnitude of reduction in connectivity at 12-month follow up (r ϭ 0.88, p Ͻ 0. 0001, N ϭ 25; Fig. 9b) . Second, the severity of PFC rGBC hyperconnectivity at baseline was significantly related . Examining distance of connection contribution to the PFC rGBC effect. a, As with the strength of connection analysis above, here, we examined whether the PFC rGBC effect in EC-SCZ is driven by a particular connection distance. Put simply, perhaps only the local (or distal) voxels are impacting the effect. Alternatively, the effect may be prevalent regardless of connection distance. We quantified the Euclidian distance from each voxel to the center of mass of the regions that displayed hyperconnectivity at baseline (see Materials and Methods). b, Averaging across all of the regions identified in the original analysis in Figure 1a , we quantified the contribution to the effect across connection distances, separated into deciles (i.e., 10% increments), also restricted to PFC voxels only. As evident for each connection distance range, EC-SCZ was associated with higher PFC rGBC for both near and far connections. c, Again, we expressed values at each connection distance bin as differences from the mean of the control group at that particular bin. This analysis indicates that the hyperconnectivity in SCZ is evident across connection distances (although the effect was not sensitive to the closest connections, as those were the same voxels from which the GBC was computed). We quantified this effect using an ANOVA with one between-group factor (Group, EC-SCZ vs HCS) and one within-group factor (Connection Distance). ANOVA results revealed a main effect of group, confirming the hyperconnectivity in SCZ (F (1,233) ϭ 44.35, p ϭ 1.95 ϫ 10 Ϫ10 ). These analyses further support the hypothesis that hyperconnectivity is present across PFC connections across distances. Error bars mark Ϯ 1 SEM. All p-values are 2-tailed. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05. (Fig.  1) , there was a significant longitudinal reduction in PFC rGBC in EC-SCZ at 12-month follow-up (EC-SCZ-12mo., N ϭ 25, purple) relative to baseline scans (EC-SCZ-B, N ϭ 25, red), quantified via formal effect sizes computed across subjects (Cohen's d ϭ Ϫ0.78). d-f, The same pattern held when computing a PFC voxelwise search comparing patients' baseline scans with their scans at 12-month follow-up (Cohen's d ϭ Ϫ1.28). g-i, The normalization in connectivity was evident when examining all regions where rGBC was increased in EC-SCZ relative to HCS at baseline (yellow areas) and decreased in EC-SCZ relative to HCS at baseline (blue areas; as in Fig. 2) . j-m, The magnitude of PFC rGBC hyperconnectivity normalization was significantly related to symptom improvement at 12-month follow-up. The pattern was driven predominantly by a change in positive symptoms (negative symptoms did not show a significant relationship, r ϭ 0.09, NS). Gray vertical dashed lines in distribution plots marks the mean for the HCS group. Error bars mark Ϯ 1 SEM. PANSS, Positive and Negative Symptom Scale for SCZ (Kay et al., 1987) . All p-values are 2-tailed. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05.
to symptom improvement across measures that were presented above in Figure 8 (Fig. 9c-f ). These effects indicate that patients with most severe PFC hyperconnectivity at baseline were also those that exhibited most symptom improvement as well as most normalization in PFC rGBC at 12-month follow-up, after treatment was initiated.
Characterizing dissociable normalization of PFC hyperconnectivity versus hypoconnectivity
Results revealed dissociable longitudinal alterations in PFC rGBC for the MPFC and LPFC regions (Fig. 8d) . These dissociable patterns may reflect separate neural pathways that interact differentially with subcortical regions in response to pharmacotherapy. That is, antipsychotic medication exerts its primary effects on the dorsal striatum predominantly via D2 dopamine receptor blockage (Howes and Kapur, 2009) . Therefore, one possibility is that these normalized patterns along medial and lateral PFC regions reflect each region's differential connectivity with the striatum. To test this hypothesis, we conducted a focused connectivity analysis between anatomically defined dorsal striatum (i.e., caudate nucleus, see Materials and Methods) and the two PFC areas with connectivity that was normalized longitudinally. Results revealed a full dissociation (Fig. 10) : we compared MPFC-caudate connectivity at baseline versus 12-month follow-up via a paired t test, which revealed a decrease (t (23) ϭ 3.6, p Ͻ 0.002; Cohen's d ϭ 0.72). In contrast, we found an increase in LPFC-caudate connectivity at 12-month follow-up relative to the baseline scan, again tested via a paired t test (t (23) ϭ 3.82, p Ͻ 0.001; Cohen's d ϭ Ϫ0.77). This dissociation was verified via a repeated-measures ANOVA, which revealed a significant Seed (LPFC vs MPFC) ϫ Follow-up (Baseline vs 12-months.) interaction (F (1,24) ϭ 31.4, p ϭ 9.1 ϫ 10 Ϫ6 ), indicating a differential pattern of normalization between LPFC and MPFC with the caudate nucleus. We also explored the whole-brain pattern of connectivity for the two PFC seeds (Fig. 11) . The results of these whole-brain analyses mirrored those of the focused striatal-PFC analyses, revealing that the LPFC and MPFC seeds show differential patterns of longitudinal normalization across widespread networks involving both PFC and sensory areas (Fig. 11) . Collectively, these secondary analyses suggest possible systemlevel mechanisms for the longitudinal change of PFC connectivity in response to pharmacotherapy (see Discussion for detailed treatment).
Understanding elevated PFC network connectivity in schizophrenia via neurobiologically grounded computational modeling Clinical findings revealed significantly elevated global connectivity in EC-SCZ across PFC networks and some wholebrain networks. To explore potential neurobiological mechanisms underlying such a connectivity increase, we used a validated, parsimonious, biophysically based computational model of resting-state fluctuations in multiple parcellated brain regions (Deco et al., 2013) . The computational modeling provides a way to derive simulated BOLD connectivity in response to specific biologically derived parameters manipulations, which can in turn be related to experimental effects (Yang et al., 2014) . We tested the hypothesis that parameters affecting the E/I balance may capture empirically observed connectivity effects.
The model architecture generates simulated BOLD signals for each of its nodes (n ϭ 66; Fig. 12a ). Nodes are simulated by mean-field dynamics (Wong and Wang, 2006) coupled through structured long-range projections derived from diffusionweighted imaging in humans (Hagmann et al., 2008) . Three key model parameters are the strength of local, recurrent selfcoupling (w) within nodes; the strength of long-range, "global" coupling ( G) between nodes (Fig. 12a) ; and the strength of noise () added to each node. G and w are effective parameters that describe the net contribution of excitatory and inhibitory coupling at the local circuit level (Wong and Wang, 2006) . The pattern of functional connectivity in the model was found to match human empirical connectivity patterns when the values of w and G set the model in a regime near the edge of instability (Deco et al., 2013) . However, global connectivity derived from the model has not been examined previously, nor has it been related to clinical observations. Testing specific connectivity measures within the model architecture is critical for two reasons that The magnitude of PFC rGBC hyperconnectivity at baseline was highly significantly related to normalization in connectivity at 12-month follow-up (r ϭ 0.88, p Ͻ 0.0001). c-f, The same relationship held for symptom improvement at 12-month follow-up. These effects illustrated that those patients with most severe PFC hyperconnectivity were those with most improvement in connectivity and symptoms after treatment was started. PANSS, Positive and Negative Symptom Scale for SCZ (Kay et al., 1987) . All p-values are 2-tailed. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05. Fig. 8d ). Here, we explored the pattern of connectivity for each of the regions identified via PFC rGBC analyses-namely the LPFC (shown in green) and the MPFC (shown in red-yellow). We used these regions as seeds to compute a connectivity map for each patient at baseline and their 12-month follow-up scan. These analyses were conducted for exploratory reasons to further inform the pattern of normalization in connectivity at 12-month follow-up shown in Figure 10 . b, Differences between SCZ-B and SCZ-12.mo for the MPFC seed. Red-orange foci mark regions where SCZ-B exhibited elevated MPFC connectivity relative to SCZ-12.mo, whereas blue foci mark regions where SCZ-B exhibited reduced MPFC connectivity relative to SCZ-12.mo. c, Differences between SCZ-B and SCZ-12.mo for the LPFC seed. Again, red-orange foci mark regions where SCZ-B exhibited elevated MPFC connectivity relative to SCZ-12.mo, whereas blue foci mark regions where SCZ-B exhibited reduced MPFC connectivity relative to SCZ-12.mo. Both maps are shown at a reduced threshold ( p Ͻ 0.05, uncorrected) to better highlight the qualitative whole-brain dissociations in connectivity between the two seeds. For the MPFC seed, patients exhibited elevated connectivity with PFC, consistent with the main effect (orange box). However, for the LPFC seed, patients exhibited mainly reductions in connectivity with other PFC regions (blue box). The red and blue arrows in the third row highlight the dissociations in the dorsal striatum, which are presented in a focused a priori analysis based on hypothesized mechanisms of antipsychotic action (see Fig.  10 ). Collectively, these patterns highlight the dissociation in whole-brain patterns of normalization for the MPFC and LPFC seeds, which mirror the patterns presented specifically for the striatum. complement its clinical relevance: (1) to determine the model's viability in generating a plausible connectivity metric (such as GBC), which can be related to human neuroimaging data across studies; and (2) to explore the dependence of modelderived GBC on key neurobiologically relevant parameters. It is important to show that alterations in functional, signalbearing parameters are related to clinical observations, but not in the noise parameter (which is expected to attenuate functional connectivity).
Here, we computed the GBC of the simulated BOLD signals averaged across all nodes in the model (global model connectivity, Fig. 12a , see Materials and Methods) using a calculation that was identical to what was done for the neuroimaging data. We characterized model performance as a function of increasing w, G, and to the point where the parameters approach their critical, destabilizing values (see the parameter space, Fig. 12d ). We found that the model-derived GBC increased as a function of increasing w or G (Fig. 12b,d) , mimicking clinical observations. Elevating w and/or G produced an elevated pattern of in silico GBC. This suggests that the empirically observed PFC rGBC increase in EC-SCZ might arise from increased neural coupling at the local and/or long-range scales. Critically, we also found that the modelderived GBC decreased as a function of increasing (Fig. 12b) . This effect in particular illustrates that elevated GBC is not a "generic" property of any chosen parameter that increases BOLD variability, but rather reflects an increase in key w/G parameters.
Next, we tested whether the specific configuration of the structural connectivity matrix (Hagmann et al., 2008) affected the net pattern of the modeling results. It is important to establish that the predominant effect is an increase in GBC as a function of relevant functional parameters regardless of particular anatomical connectivity. To this end, we repermuted the connectivity matrix randomly (n ϭ 100) and reran all modeling simulations. After discarding four permutations that prematurely destabilized, we recomputed the average GBC as a function of G, w, and parameters. Next, we computed the slope of the effect for each of the permutations (either positive slope or negative slope). By chance alone, we would expect 50% of the modeling simulations to show a positive slope and 50% to show a negative slope. However, for both the w and G parameters, regardless of the structural connectivity matrix configuration, we observed a positive slope (binomial test for proportions, p Ͻ 0.001 for each test, see Fig. 12b,c) . Conversely, for the noise parameter, regardless of the structural connectivity matrix configuration, we observed a negative slope (binomial test for proportions, p Ͻ 0.001 for each test). This suggests that the results are generic properties of the model and are not necessarily highly sensitive to the particular configuration of structural connectivity patterns in the model (although strengths of anatomical connectivity that constrain the matrix may affect functional patterns, which may occur across SCZ progression).
This noise simulation in particular generates an important clinical prediction-it could be the case that patients exhibit a decrease in the noise parameter, which would be reflected in lower BOLD signal variability. Put differently, a decrease in BOLD signal variability in EC-SCZ relative to HCS would by definition produce an increased correlation (and therefore result in a profile of hyperconnectivity in EC-SCZ). Such a result, however, would not reflect an aberrant increase in shared signal covariance, as predicted by the model (Fig. 13) . Therefore, to rule out this scenario, we also verified that the variability of PFC BOLD signals was similar in EC-SCZ and HCS (Fig. 13a-c) . Furthermore, results still revealed PFC hyperconnectivity EC-SCZ when using non-normalized covariance to compute PFC rGBC (as opposed to a correlation; Fig. 13d,e) . This experimental result, directly motivated by the computational modeling, is consistent Error bars represent the SD at each value of w or G computed across four simulated models with different random noise, illustrating model stability. c, The specific configuration of the structural connectivity matrix (Hagmann et al., 2008) did not affect the net pattern of the modeling results, indicating the same trends across 100 simulations with randomly repermuted structural connectivity matrices (all p Ͻ 0.001, test for binomial proportions). d, Two-dimensional parameter space capturing the positive relationship between w/G and GBC of the BOLD signal across all nodes. The blue area marks regimes where the model baseline is unstable due to elevated G and/or w. These simulations illustrate how alterations in biophysically based parameters (rather than physiological noise) can increase GBC, as observed empirically in EC-SCZ.
with the abnormally increased GBC shown in silico that does not reflect a noise reduction, but more likely reflects an aberrant shared signal increase. Collectively, these modeling simulations and predicted empirical findings further demonstrate that alterations in GBC may have neural bases grounded in computational parameters that likely do not reflect BOLD noise alterations during early illness stages.
Discussion
We identified increased resting-state PFC connectivity in acute medication-free SCZ patients, which positively correlated with symptoms and predicted diagnosis. At the whole-brain level, we observed a more mixed motif of both hyperconnectivity and hypoconnectivity. The PFC hyperconnectivity normalized longitudinally, predicting symptom improvement. We used computational simulations, implicating altered recurrent local and global coupling in clinical findings. Collectively, results highlight the viability of neuroimaging markers for identifying dysconnectivity in non-medicated patients, which relates to longitudinal clinical improvement, providing insights into PFC and global network dynamics during acute stages of SCZ. . Examining PFC BOLD signal variability and PFC rGBC using non-normalized covariance. The modeling simulations revealed that the in silico derived GBC decreased as a function of increasing (i.e., the noise parameter, see Fig. 12b , right). This effect in particular illustrates that elevated GBC is not a generic property of any chosen parameter, but rather reflects an increase in key signal-bearing w/G parameters. However, it is possible that, in vivo, there is actually a decrease in PFC-wide variance of BOLD signals in EC-SCZ. This is particularly relevant to the modeling simulations because a decrease in BOLD signal variability in EC-SCZ relative to HCS would by definition produce an increased correlation (and would therefore result in a profile of hyperconnectivity in EC-SCZ mathematically). However, such a result would not actually reflect an aberrant increase in signal covariance, as predicted by the model. a-c, We first examined whether the PFC-derived BOLD signal exhibited differences in variance structure between EC-SCZ and HCS groups. There were no between-group effects in mean PFC variance without GSR (t (235) ϭ 1.02, p ϭ 0.3) or after GSR (t (235) ϭ 1.2, p ϭ 0.23), suggesting no differences in overall PFC BOLD signal variability profiles. Moreover, when examining voxelwise effects (see map in a), the areas where the variance was mostly decreased in EC-SCZ (blue) did not overlap with areas where there was hyperconnectivity (red). This indicates that the PFC hyperconnectivity reported in Figure 1 cannot be driven exclusively by lower variance in EC-SCZ, which would by definition increase the correlation coefficient. d, Further, we computed a non-normalized covariance as an index of rGBC (as opposed to a correlation coefficient) within the discovered regions to fully establish that between-group clinical comparisons did not arise due to nonshared sources of variability (Friston, 2011) . That is, the correlation coefficient normalizes the covariance between signals by using the variance of each of the signals, whereas the covariance analysis only considers the shared signal. e, f, Covariance results still indicated robust hyperconnectivity in EC-SCZ, both without GSR (t (235) ϭ 2.3, p Ͻ 0.026; e) and after GSR (t (235) ϭ 4.4, p Ͻ 0.00001; f ). This effect is consistent with the abnormally increased GBC in silico, supporting the conclusion that hyperconnectivity effects in patients cannot be driven by a PFC BOLD signal variability reduction. Error bars mark Ϯ 1 SEM. ***p Ͻ 0.001; **p Ͻ 0.01; *p Ͻ 0.05.
an increase in model-derived GBC by elevating local node selfcoupling (w) and/or global coupling ( G) between nodes, providing a proof-of-principle that in silico connectivity increases can have neural bases. These computational effects provide a conceptual demonstration of how modeling can generate neurobiological constraints for BOLD clinical effects, specifying parameters that may be clinically relevant. Such predictions can be tested via pharmacological neuroimaging in humans (Honey and Bullmore, 2004) . For example, NMDAR antagonists, which may alter local and long-range synaptic interactions in vivo in healthy volunteers (Anticevic et al., 2012b) , have been shown to induce hyperconnectivity when measured with similar metrics (Driesen et al., 2013a; Anticevic et al., 2014c) . Last, modeling simulations illustrate a derivation of a connectivity metric in silico that can also be computed in vivo, providing a key insight: in silico GBC magnitude decreased as a function of noise, an effect not observed clinically (Figs. 12, 13 ), ruling out a candidate parameter. Such modeling applications can be extended to other systems that may be sensitive to clinical alterations across illness stages; namely, thalamocortical and associative cortex connectivity known to be disrupted in SCZ (Woodward et al., 2012; Anticevic et al., 2014a) .
Limitations
The clinical sample included some patients with longer periods of untreated psychosis (see Materials and Methods). Future longitudinal studies that enroll at-risk subjects even earlier and measure the transition from at-risk states to frank psychosis can examine whether these effects exclusively occur during initial phases of illness. Although well powered, longitudinal analyses were based on a smaller patient subsample (N ϭ 25). Follow-ups with larger samples are needed to replicate these findings. In addition, continued rigorous test-retest reliability studies of GBC measures are needed to establish their long-term use for possible clinical risk prediction. Controls were not studied longitudinally due to practical/recruitment considerations, leaving open the possibility that observed findings reflect some aspects of neuromaturation. Similarly, the time window of longitudinal comparisons was brief (12 months). Future studies should widen this longitudinal sampling period. Finally, although compelling, possible longitudinal treatment effects were not observed in a randomized clinical trial, which need to be verified in carefully controlled experimental studies.
Conclusion
This study established elevated PFC connectivity in a medicationfree EC-SCZ cohort and found that PFC hyperconnectivity predicted symptoms and diagnostic classification. PFC hyperconnectivity normalized longitudinally, predicting clinical improvement. Computational simulations implicated local circuit and global connectivity elevations as contributing to clinical effects via cortical E/I balance alterations. Clinical effects are highly consistent with pharmacological and animal models of SCZ, but stand in contrast to some chronic illness findings. These results could have neurobiological and therapeutic implications for hypotheses proposing dynamic alterations of PFC functional network integrity from initial to chronic illness stages (Insel, 2010) .
